We model a shopping centre. The demand for goods and services in shopping centres is classified in four different categories: food, leisure, household goods and clothing. As some of these sectors do not provide essential goods and services, a Huff customer-choice model is applied that sets a parameter absorbing any lost demand when there is a shortfall in customer attraction. For each category, the parameters for the Huff model are estimated both globally (by means of ordinary least squares, assuming the same effect for the parameters throughout the entire market), and locally (using geographically weighted regression, considering that parameters depend on the customers' location). The proposed model was applied to a real data case on the island of Gran Canaria (Spain) to determine the best location for a shopping centre selling all four categories of goods. Finally, a study is conducted to determine how robust the solution is with respect to the lost demand parameter, and a comparison is made between the solutions obtained, using both global and local calibration methods.
Introduction
The growth of the urban population has meant the appearance of different types of commercial facilities, and shopping centres have been one of the more recent retail options. Following The International Council of Shopping Centers (2004), a shopping centre can be defined as a group of retail and other commercial establishments that is planned, developed, owned and managed as a single property, with on-site parking provided. This type of retail structure has proliferated in the last two decades because it provides customers with the possibility of making multipurpose shopping trips, reducing transportation/time costs and increases the probability of finding what they are looking for (Arentze et al., 2005) . LOCATING A SHOPPING CENTRE 3 the aggregate model is deficient when the expected income of the shopping centre has to be estimated. Therefore, in this article we have assumed that the demand is disaggregated in four different categories (food, household goods, clothing and leisure) to be able to obtain the estimated income for each one; subsequently, these partial estimations are added together to obtain the total income for the shopping centre.
The traditional Huff model can be globally calibrated by means of OLS. This implies that customer perception of the distance and the size of the facilities is the same throughout the market. Suárez-Vega et al. (2015) employed a locally calibrated Huff model to illustrate that customer perception may vary across the study area. More specifically, geographically weighted regression (GWR) was used to calibrate the Huff model with a view to determining the site for a new hypermarket. GWR allows estimating the parameters not only at the sample points but at the considered demand points as well (see Fotheringham et al. (2002) for a complete summary of this technique). Hence, with a spatially distributed sample, Huff parameters can be estimated for each demand point in order to obtain the estimated purchase probabilities. In the current article, a local calibration has been applied, not only to the food category, as was the case of Suárez- Vega et al. (2015) , but also to the clothing, household goods and leisure categories in order to cover all the goods and services provided by a shopping centre.
Research on competitive location has usually dealt with locating food distribution facilities (i.e. groceries or supermarkets), where the products sold are essential items. The demand for essential goods is considered to be inelastic, i.e. consumers satisfy their demand independently of the price and place of purchase. However, in shopping centres, in addition to food products, non-essential products and services (for example, leisure, clothing or household goods) are available. Therefore, the model should take the spending on non-essential items into account. When goods or services are not essential, the use of an elastic type demand, which depends on the final utility perceived by the customers, is more appropriate. Location problems considering elastic demand have been proposed by Berman & Krass (2002) , Aboolian et al. (2007a,b) , Redondo et al. (2012) and Drezner & Drezner (2012) . The first two articles inferred customer demand as a concave non-decreasing function of the utility. Redondo et al. (2012) presented simulations showing that significant differences occurred when a location model is solved considering inelastic demand instead of elastic demand. Drezner & Drezner (2012) incorporated a parameter in the Huff model simulating the existence of a "dummy" facility that absorbs the lost demand caused by the reduction of the attraction perceived by customers. This idea has also been implemented by Zhang et al. (2012) who used a multinomial logic model to design a preventive healthcare facility network. In our article, for those categories offering non-essential services and goods, we have incorporated a lost demand parameter in order to simulate elastic demand. As the real value of the lost demand parameter was unknown, a simulation was carried out in order to analyse the effect of this parameter on the selection of the new shopping centre's location. To our knowledge, this procedure has yet to be used in a real application in competitive locations, and moreover, to resolve the issue of locating a new shopping centre.
Most of the articles dealing with the issue of finding a suitable location for a new shopping centre only take into account the purchases made by customers at shopping centres, and ignore the possible purchases that they are able to make at other types of stores. From the interviews, we made to calibrate our model, we inferred that customers living in the study area do not make all their purchases in shopping centres. This fact makes it necessary to include the offer of goods and services outside shopping centres for the different categories in order to distribute the expected purchases made by customers. In order to achieve this, purchases made in stores outside shopping centres have been modelled based on two possible customer choice models: one, in which customers opt to purchase at the nearest store providing goods or services in the corresponding category, and the other, where customer purchases are shared among the stores outside the shopping centre in a certain influence-area surrounding their homes. Suárez-Vega et al. (2015) used the influence-area, while Vega et al. (2015) called the proximity purchase (that made out of the big supermarkets), with a view to calibrating the Huff model in the food category. Both customer choices have been included in our article in order to analyse the following two objectives, firstly, to identify which of them better reflects the customers' preferences for the purchases at stores which are found outside shopping centres for each category; and secondly, to analyse whether customer behaviour depends on the categories themselves or not.
Furthermore, most of the articles calibrating retail models used samples consisting of established clients instead of potential customers. In other words, the data provided by the firms were extracted from the information based on, for example, loyalty card schemes, or from the results after a survey carried out on clients using the facilities operating in the market. In this case, we have used a sample made up of possible clients; that is to say, we have randomly selected individuals living in the potential market area in order to reflect the preferences of both clients and non-clients of shopping centres.
The rest of this article is organized as follows. Section 2 contains a brief description of the methodology applied in the study, covering the GWR and how this technique is used to calibrate the Huff model. Next, in Section 3, the methods are applied to a real data example, where an entry firm seeks to determine the location of a new shopping centre in the northern part of the island of Gran Canaria (Spain). Results obtained by means of local and global parameters are compared. An analysis of how robust the solution is with respect to the lost demand parameters is also carried out. Finally, Section 4 contains our conclusions.
Methodology
The methods used in determining the location for a new shopping centre are described in this section. A shopping centre consists of stores belonging to four categories (Food, Leisure, Household Goods, and Clothing). Therefore, the problem has been solved estimating the income for each category individually and aggregating them in order to estimate the total income of the shopping centre. Each individual problem is considered as a Huff customer-choice model and it is calibrated both globally (using OLS as suggested by Nakanishi & Cooper (1974) ) and locally (using GWR as proposed by Suárez-Vega et al. (2015) ).
First of all, a short introduction to the GWR model is presented. Then, the approach considered in applying this procedure to locally calibrate the Huff model is described. Although the Huff model can be solved as a particular case of the MCI models, the proposed methodology can be generalized to MCI models.
Geographically weighted regression
Suppose there is a continuous random variable y that we want to know, but which cannot be measured directly. Also suppose that there are other continuous random variables x 1 , ...x K−1 (independent variables) that can be measured and used to estimate y (dependent variable). In particular, assuming that y depends linearly on variables x k , the linear regression model
is proposed, where β k represents the coefficients to be estimated, and ε is a normal distributed error term with zero mean. To estimate the parameters of the linear model, a sample of n observations is obtained (y i ; x i1 , ...x iK−1 ), i = 1, …, n, and a OLS put forward to the system
If X is the n× (K-1) matrix of observations of the independent variables and y the (n × 1) vector of observations of the dependent variable, the estimation of the (K × 1) vector of parameters for the OLS model isβ
In OLS, it is assumed that all the observations have the same influence on the estimations. The weighted least squares (WLS) model is the generalization of the OLS to the case for which each observation i has a specific weight w i when parametersβ are estimated. In this case, the expression of the estimated vector of parameter isβ
where W = diag(w 1 , ..., w n ) is the weight matrix. GWR is similar to WLS, except that coefficients are not global, but depend on the location where the data were obtained. This method was initially proposed by Brunsdon et al. (1996) and Fotheringham et al. (1996 Fotheringham et al. ( , 1997 and assumes that close elements tend to have similar values. From a business point of view, this means that close customers present similar preferences. Therefore, GWR can be written as
where (u i , v i ) represents the coordinates of the ith sample point in space, and β k (u i , v i ) is the estimated parameter for variable x k at point i. In this case, the vector of estimated parameters is given bŷ
is a weight matrix. Each element w j (u i , v i ) on the diagonal represents the weight of the observation j for estimating the parameters in location
The function used to calculate w i (u) is called a kernel and reflects that when estimatingβ (u i , v i ), closer elements to (u i , v i ) are more influential than points farther away. The kernels used in this article are the
where d i (u) is the Euclidean distance between location (u i , v i ) and observation j, and h is the bandwidth (a quantity expressed in the same coordinates used in the dataset and that controls the rate of decay in the distance decay function considered to obtain the weights). Note that, as the weight matrix W can be calculated at every point in the space, this procedure allows for the estimation ofβ at any point in space, not only for the sample points (Fotheringham et al., 2002, pp. 53-54) .
The estimated parameters depend on the bandwidth of the spatial kernel considered to calculate the different weights. While the specific kernel function does not have a significant influence, the selection of the bandwidth may produce considerable changes in the estimated parameters. When the sample elements are regularly distributed in the study area, a kernel with fixed bandwidth is recommended; otherwise an adaptive bandwidth is indicated. When the fixed form is selected, all the estimations are made using the same bandwidth. If an adaptive bandwidth is chosen, this parameter is determined for each observation, ensuring that all the subsamples used to calculate the weights contain the same number of observations (see Páez et al. (2002a,b) and Fotheringham et al. (2002, pp. 56-59) ) for a more detailed discussion about the bandwidth selection).
The corrected Akaike information criterion (AICc) can be used for comparing the relative quality of the models. Fotheringham et al. (2002) proposed the following version of the AICc:
where n is the number of observations,σ is the estimated standard deviation of the error term, and tr(S) is the trace of the hat matrix S (which is the matrix verifyingŷ = Sy, withŷ being the estimated values for y). As tr(S) is a function of the bandwidth, the AICc can be used to select the optimal bandwidth by minimizing it using, for instance, the golden selection method (Fotheringham et al., 2002, p. 212) .
The AICc can also be used to compare the performance of different models (including OLS and GWR) because it takes into consideration the effective number of parameters in the models. In general, models with lower AICc are preferred, and a difference of at least 3 is required to consider that there is a difference between models (Fotheringham et al., 2002, p. 96) . The existence of collinearity among the covariates in a regression model may reduce the precision and the robustness of the estimated parameters. Local collinearity may appear, even if it does not exist in the global model, because of the effect of the weights, usually higher in the closest observations, and the normally lower sample sizes. For diagnosing collinearity in GWR models, Wheeler (2007) proposed the local versions of the variance inflation factors (VIF) and the condition numbers (local-CN). As a general rule, local regressions with VIFs larger than 10 and/or local condition numbers greater than 30 can be affected by collinearity (Belsley et al., 1980; O'Brien, 2007) .
The significance of the parameters in the local regressions is tested by means of a t-value. Since GWR uses almost the same sample for calibrating the adjoining local models, a certain degree of dependency between the models exists, which artificially increases the t-statistic for the local coefficients. To avoid this problem, da Silva & Fotheringham (2016) suggested the following Bonferroni style family-wise error correction for testing the significance of the GWR coefficients
where ξ m is the desired significance level for the estimations, and α is the corrected significance level to take into account the model dependences, p e is the effective number of parameters (p e = 2tr(S)−tr(S S)), and K is the number of parameters in each model.
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Different analysis of variance F-tests have been proposed to test the significance of the improvement obtained by GWR with regard to OLS. Leung et al. (2000, pp. 16-17) proposed what we call the FL1 and FL2 tests (F 1 and F 2 using their notation). In the FL1 test, the F-statistic is obtained comparing the residual sum of squares of the GWR and the OLS. In the FL2 test, the F-statistic compares the difference in the residual sum of squares of the OLS and GWR to the sum of residual squares of the OLS model. Brunsdon et al. (1999, pp. 502-503) proposed another test (FF1 test) to compare the difference in the residual sum of squares of the OLS and GWR to the sum of residual squares of the GWR model. Essentially, the null hypothesis for these tests is that the GWR model does not improve the OLS model.
In order to contrast the spatial variability of the coefficients associated with the regressors, Leung et al. (2000, pp. 21-22) proposed the FL3 test (F 3 in their notation) based on the estimation of the sample variance of the estimated values for each parameter. This test is evaluated for each parameter and reports an F value, being the null hypothesis the stationarity of said parameter.
Different authors have analysed GWR prediction capacity by comparing this technique with other geostatistical alternatives (see for instance, Páez et al. (2008) , and Harris et al. (2010) ). The accuracy of prediction was measured by means of the root mean squared prediction error (RMSPE) and the mean absolute prediction error (MAPE). The smaller these values are, the more accurate the model's predictions are. The uncertainty of the prediction can be evaluated using the mean and the standard deviation of the z-score data (MZS and SDZS, respectively), where the z-score is defined as
being y (u, v) andŷ(u, v) the sample value at location (u,v) and its prediction, respectively, and σ pred (u, v) the variance of the prediction of GWR (Leung et al., 2000) . For unbiased prediction standard error, MZS and SDZS must tend to zero and unity.
Huff model calibration
Given a category c, according to the Huff model, the utility perceived by customers at demand point i from the services in category c at facility j can be expressed as
where S jc is the size (sales surface) that facility j dedicates to category c, α c is the weight associated with this size, d ij are the transportation costs (distance or travel time) from demand point i to facility j, and λ c is the parameter that reflects the effects of this transportation cost. Thus, the probability that a customer at i buys goods or services of category c at a facility j is given by
where m is the number of facilities operating in the market. Nakanishi & Cooper (1974) proposed the following log-transformed-centred form to obtain least squares estimates of the parameters:
where p ijc is the probability that a customer at location i purchases goods of category c at facility j, and p ic ,S c andd i are the geometric means of p ijc ,S jc and d ij over j, respectively. Parameters in (6) can be estimated by means of OLS. The application of the OLS method assumes that regressors affect homogenously throughout the study area. This assumption may not hold when spatial data is considered in the analysis. In the case of the Huff model, this homogeneity assumption implies that all the customers in the study area have the same perception of the different variables that define the attraction of the stores, which is unlikely when socio-demographic differences exist in the market (Ghosh, 1984) . While OLS assumes that all parameters associated with regressors are constant throughout the study area, GWR allows for the modelling of customers' behaviour taking into account possible variations in the estimated parameters along the market (Suárez- Vega et al., 2015) .
The transportation cost and sales surface (i.e. area size) parameters in the Huff model may present spatial non-stationarity. This situation gives rise to the following reformulation of the utility perceived by customers at location i from facility at location j for a given category c:
where,
are the estimated parameters reflecting the effect of the sales surface for category c and the transportation cost for customers located at demand node i at coordinates (u i , v i ) . Consequently, probabilities p ijc are expressed as:
Following the Huff model, if a new facility of size S c is located in the market, the probability that customers at i purchase goods of category c at this new store located at point P = P (u, v) is given by:
where d iP is the transportation cost for customers moving from demand point i to P. Therefore, the estimated income for the new store for category c is
being w ic the buying power in category c of the demand node i, and D the number of demand nodes. The parameters involved in formula (8) can be locally estimated by applying GWR to the Nakanishi and Cooper's transformation
wherep ic ,S c andd i are the geometric means of p ijc , S jc and d ij over j, respectively. 9 2.3. Estimating the total income of the shopping centre GWR allows parameters α ic and λ ic to be estimated not only at the location of the sample elements but also at every point P = P (u, v) in the study area. This implies that probabilities p iPc in (9) can be estimated and, therefore, also the estimation for the capture by category using (10). Finally, the total income for the new shopping centre can be estimated as
with C representing the number of categories considered. Formula (9), as it has been proposed, can only be applied when the good or service provided is essential, i.e. when consumers spend their entire budget w ic . This may be the case of food, in which the consumed quantities do not depend on the location of the facility or its size. However, in a shopping centre, some goods/services can be non-essential (e.g. leisure), which means that providing them may not use the full budget that consumers had intended to spend, producing what Drezner & Drezner (2012) call lost demand. To model this lost demand, these aforementioned authors proposed the inclusion of a parameter in (5) in order to simulate a facility that captures the lost demand. The function to determine the probability of consumer in i buying goods of category c in the facility located at j is:
where LD c is the parameter associated with the lost demand in category c. In their work, Drezner & Drezner (2012) claimed that a correct choice of this parameter would be equivalent to considering a concave demand function, depending on the total utility perceived by the consumer. However, in the application presented in their article they used a value that was chosen-ad-hoc, without doing a previous study justifying the resulting demand function.
To be able to consider the lost demand when the goods are non-essential, the total estimated income given by equation (12) can be calculated using the proposed probabilities in (13). Needless to say that in the case of essential goods (e.g. food), the LD parameter is zero.
Application: locating a new shopping centre
In this section, the methodology previously described is applied to solve the problem of locating a new shopping centre in the north of the island of Gran Canaria, Spain. First, a sample containing the revealed probabilities for purchasing in each category at the different shopping centres available was collected. Then, the GWR model that best fits the sample data for each category was investigated. Using the kernel and the bandwidth that best performed in the GWR model, parameters α ic and λ ic were estimated for each demand point i and category c. Finally, these parameters were used to estimate the probabilities (9) and thus obtain the estimated income for the new shopping centre (12). This process is similar to the one proposed by Suárez-Vega et al. (2015) , which locally calibrates the Huff model with the aim of searching for a suitable location for a new supermarket (food category). 
Data
Gran Canaria island belongs to the Canary Archipelago (Spain), just off the west coast of Africa (In Fig. 1 , a map shows the geographical situation). For over 10 years, the need for a shopping centre in the northwestern part of the island has been upheld by both the private and public sectors. In order to achieve this aim, the problem of locating a new shopping centre in the northern part of the island is analysed. The study area includes the capital of the island (Las Palmas de Gran Canaria) and the 10 municipalities which constitute the Consortium of Northern Municipalities in Gran Canaria (see Fig. 1 ). This study area is characterized by the existence of significant socio-demographic differences between the capital of the island and the other municipalities encompassed in the analysis. This may suggest that there is some spatial variation concerning customer perception of the characteristics that define the amenities (Suárez- Vega et al., 2015) . Table 1 shows the distribution of the population and the commercial index among the municipalities that make up the study area. Data regarding population were taken from the 2008 census, since this was the last year where compatible statistics and geographical data were available. The values of the commercial index reflect the relative weight (per hundred thousand) of the commercial activity in the area with respect to Spain as a whole. With 75.82% of the total population of the study area (502,656 inhabitants) living in Las Palmas de Gran Canaria, the city is the most important urban area in the Canary Islands. The other 10 municipalities are regarded as rural i.e. with a low population density and a very low commercial index, thus, the aim of this study is to determine the location of a new shopping centre within this rural area. The fact that the capital has great potential to attract customers in comparison to the demand in the rural areas means it must be included in the analysis.
For this approach, the utility perceived by customers for each category in shopping centres was calculated by considering the size (sales surface area) allocated to one particular category together with the travel time to the shopping centre using formula (7), and thereafter, formula (8) to define the probabilities p ijc . The shopping centres as well as the stores in the study area belonging to the four categories were georeferenced using the addresses attained from the Economic Census for Gran Canaria in 2012 (Censo Comercial de Gran Canaria, 2012) . In this database, the sizes of the stores are classified as follows: less than 120 m 2 , from 120 m 2 to 399 m 2 , from 400 m 2 to 999 m 2 , from 1000 m 2 to 2499 m 2 , from 2500 m 2 to 4999 m 2 and larger than 5000 m 2 . In order to estimate the weights corresponding to the size of the store, sizes of 90, 260, 700, 1750, 3750 m 2 were allocated to the five intervals, respectively. The exact sizes of the biggest supermarkets were also taken into account (these sizes varied from 5000 m 2 to 13,387 m 2 ). Figure 1 shows the locations of each of the five shopping centres undertaken in the study (although one of them cannot be found within the study area, it was accounted for due to its proximity to the analysed area), as well as the population distribution across the study area. Table 2 shows the distribution by category and size of the non-shopping centre sales areas for each category in both the Consortium of Northern Municipalities and Las Palmas de Gran Canaria. These sizes (see Table 2 ) were calculated considering sales surface areas of 90, 260, 700, 1750 and 3750 m 2 which correspond to the five sizes intervals, respectively. The percentage which appears in parentheses corresponds to the surface area in the Consortium of Northern Municipalities with respect to the surface area in Las Palmas de Gran Canaria. Taking into account that the total population of the Consortium of Northern Municipalities is 31.42% of the population of Las Palmas de Gran Canaria, this figure could be used to compare the concentration of the different types of stores in the two areas. We were able to conclude that the percentages of sizes which are lower than the aforementioned figure mean that the sales surfaces allocated to a particular category, per person in the Consortium, amounts to less than the 12 R. SUÁREZ-VEGA ET AL. sales-surface allocated in the capital. Table 1 shows that in the four categories the surface per person in the Consortium is less than in the capital, especially in the leisure and clothing category. In general, this tendency is observed in all types of stores, except in the food category and in stores with a surface area of between 1000 m 2 and 2499 m 2 in the household goods category. Nonetheless, in the food category, the Consortium presents a higher density of small stores than in the capital, as opposed to a reduced number of large stores.
Estimates of the transportation times between demand points and amenities were calculated using the transportation network made up of the island's main roads (see Fig. 1 ). The demand in the study area was distributed among 509 census units ( Fig. 1 shows their distribution) , and the population of each unit was allocated to the gravity centre of the housing units observed there.
In order to know the customers' purchase behaviour living in the study area, a survey containing 724 valid questionnaires was carried out (a more detailed explanation of the sampling process can be found in the Supplementary Appendix 1). The survey respondents were georeferenced and the fastest routes between them and the stores were calculated. The valid surveys for each municipality are shown in Table 1 and their location is drawn in Fig. 1 . In each category in the survey, people were asked about the proportion of purchases they made in the five shopping centres in the study. The remaining purchase power (one minus the purchase proportion from the shopping centres) was considered as non-shopping centre purchases. As no information about how customers organized their non-shopping centre purchases was available, we proposed two different behaviours that are described in the next section.
Modelling the non-shopping centre purchases
The probabilities of purchasing at the shopping centres were revealed from the data sample. The information collected revealed that the non-shopping centre purchases are very important in the study area (43.46% in household goods, 45.18% in clothing, 59.15% in leisure and 71% in food); however, the customers' behaviour that best reflects these purchases is not obvious. In this work we propose two types of customer choices in order to model the non-shopping centre purchases.
When the influence area behaviour (IAB) is considered, we assume that the non-shopping centre purchases in a particular category were made at the stores within a specific influence area. Two types of influence area have been considered, the centred influence area and the central store (CS). In the former, an area of influence around each respondent is considered (500, 1000 and 3000 m were taken as alternative radii for this influence area), and the non-shopping centre purchases per category were allocated to a dummy store with a size equal to the sum of all the sales surfaces of the stores in the same category observed in the influence area (excluding those located in the shopping centres), along with average travel times to the stores in the influence area. In the CS case, the stores for each category operating in the study area were clustered in zones, and the central store (the closest store to the gravity centre of the facilities belonging to the zone) for each zone was calculated. The non-shopping purchases were allocated to a store located at the CS with a size equal to the sum of all the sizes of the stores belonging to the zone.
In the closest facility behaviour (CFB), the non-shopping centre purchases in a specific category were allocated to the closest facility (the sales surfaces and the transportation times were calculated with respect to this facility). In this case, different scenarios were selected: the closest store (independently of its size), or the closest store belonging to a specific size group in which the stores were classified, each of these being different sizes (90, 260, 700, 1750, 3750 m 2 were allocated to the aforementioned groups). Consequently, for each customer choice scenario and category, a sample containing 4344 observations p ijc was obtained from this survey (724 valid questionnaires × (non-shopping centre purchase plus the five shopping centre purchases)).
We inferred that customers would behave differently regarding the non-shopping centre purchases according to one category or another, so both customer-choices were analysed. The selection of the customer choice that best describes the non-shopping centre purchases in each category was made according to the goodness of fit for the OLS regression on (6). To be able to carry this out, the different possibilities for the IAB (changing the radius of the influence area and including the CS option) and the CFB (including all the stores or only those belonging to the same size group) were studied. Analysing the IAB customer choice, we can appreciate that the influence area for purchasing clothes (outside the shopping centres) was higher than that concerning food and household goods purchases (3000 m vs 1000 m). With regard to the leisure category, customers preferred to visit the facilities located at their cluster (zones with a high concentration of restaurants, bars and so on). If non-shopping centre purchases were made in the closest facility, the results reflected that customers preferred to visit small facilities (smaller than 120 m 2 ) in the food and leisure categories, whereas preferences for household goods and clothing appear in the following group, which comprises larger surface areas (stores between 120 and 400 m 2 ). Supplementary Appendix 2 contains details about this estimation process.
Important differences in R 2 a regarding the two customer choices do not exist, but according to the AICc values, we can deduce that the IAB behaviour better fits the model in food, clothing and leisure, the CFB being better for modelling the household goods category. The poor adjustments to the models, mainly in the clothing and household goods categories, may be due to the fact that a sample consisting of potential customers (not only frequent clients) was used. For instance, using a similar sampling process to calibrate an MCI model for the grocery sector, González-Benito et al. (2000) obtained an R 2 of 0.1198. They needed to disaggregate the sample to reach an R 2 of 0.5899 in one of the segments. These low levels of goodness of fit may indicate low accuracy of the predictions when the estimated parameters are used to predict customers' probability of purchase and, therefore, the best location and design for the shopping centre. In order to improve this accuracy, the GWR is proposed to obtain a local estimation of the parameters.
Although the parameters' signs associated with the sizes and travel times in the IAB matched the traditional premises in the Huff model (i.e. positive for the size and negative for the time), this was not the case with the CFB. When the closest facility was selected for modelling the non-shopping centre purchases, negative signs were observed for the size parameters (except for clothing.) This negative sign for the parameter size could be justified for two reasons. First, the customer choice selected for 14 R. SUÁREZ-VEGA ET AL. the non-shopping centre purchases implies that customers made these purchases at the nearest facility, which had a very small surface area if it were compared to the corresponding size in the shopping centre. Secondly, as previously mentioned at the beginning of this section, the population of the study area presented a high tendency to make purchases outside shopping centres (varying from 43.46% in household goods to 71% in food). This implies that, for the sample used in this study and in line with this behaviour, a larger sized store did not necessarily imply an increase in the attraction that customers perceived, but did indicate a higher value to the proximity factor of the store. Indeed, for the scenarios where the size parameter is positive, the estimated values were low (between 0.089 and 0.337) indicating the greater influence of the transportation cost rather than the size of the facilities themselves. In fact, as Roig-Tierno et al. (2013) demonstrated, this result is not contradictory to the opinion of specialists in the field. In this work, a group of experts in retail site selection and marketing analysed different factors that affect the success of a supermarket. They assigned an influence of only 2.44% to factors associated with the size (sales space, number of parking places and number of check-outs), whereas the factors related to the location were observed as having the highest value (75.72%).
The effects of the size and transportation cost on the probabilities of purchase can be compared to the different categories and customer choice options for the non-shopping centre purchases. When the IAB was applied, important differences existed depending on the category. The size concerning the leisure category was the least appreciated (0.0891), whereas the most widely appreciated was clothing (0.3370). The transportation cost effect was quite similar in food, clothing and leisure, but in the household goods category the associated parameter experimented an important decrease: it was around a half of the value of these parameters in the food category. This implies that in the household goods category, customers were willing to make longer trips than for the other categories.
The estimated parameters in the CFB for the household and leisure categories were quite similar. In contrast to these parameter settings, in the food category, customers expressed slightly less aversion to the transportation cost and preferred smaller stores than in the two categories previously mentioned. The behaviour observed in the clothing category was substantially different to the rest of categories, but very similar to that obtained in the IAB.
Local calibration of the Huff model
While taking into account the non-shopping-centre-purchase scenarios selected in the previous section, the Huff model was locally calibrated by means of GWR. In this case, the process, proposed by Suárez- Vega et al. (2015) in the food category, was extended to the other categories. Calculations for GWR were carried out using the R package GWmodel 1 (Gollini et al., 2015) ; likewise, for the GWR model, Gaussian and bi-squared kernels with fixed and adaptive bandwidths were evaluated, with the best bandwidth being selected by minimizing the AICc. In all the scenarios analysed, the adaptive bi-squared kernel was selected.
Local collinearity for the different scenarios was evaluated by means of calculating the local-CNs and VIFs. In most cases there was no evidence of collinearity, except in the food and household categories with the CFB (558 and 744 sample elements with local VIFs higher than 10).
Supplementary Appendix 3 contains the results obtained by GWR for the different categories and non-shopping centre purchase behaviour. All GWR models improved the OLS model, with an average increase in R 2 a by 0.061 and an average decrease in the AICc by 255.19. This assumption was corroborated by the significance of the FL1, FL2 and FF1 tests. The most significant improvement took place in the estimations of the leisure category when taking CFB into account. In this case, the GWR model explained 15 the variation of the probabilities that were approximately 14% more than the corresponding OLS version. Besides, the FL3 test also suggested that both size and transportation cost coefficients varied over the study area in all the selected scenarios.
The estimated parameters were tested for significance according to the family-wise error rate, calculated using (2) for a ξ m = 0.1. The most common tendency was that the coefficients associated with the transportation time were more significant than those associated with the size. This may suggest that, in the sample analysed, customers give more importance to the transportation costs than to the size of the facility, when deciding on where to make their purchases. In all the scenarios, except in the household category with CFB, the sign of the OLS coefficients coincided with the mean of the significant coefficients of the GWR model. Nevertheless, in the case of the household category with CFB, signs for the size coefficients were positive in contrast to the OLS, in which it was negative. This contradiction may have occurred because, as was previously mentioned, some local collinearity existed in this GWR model.
Given the results obtained by the GWR estimations, a behaviour type for the non-shopping centre purchases was selected so as to be able to predict the parameters associated with the size and the transportation cost in each category. In food and household goods, the IAB was selected because the CFB presented some collinearity problems. For the leisure category, the CFB was selected because it presented better values in R 2 a and AICc. Finally, in the clothing category, although the different indicators are quite similar, the CFB was selected because it presented a slight improvement with respect to the IAB (in R 2 a , AICc, and also in the FL1 test.).
Before being able to predict the local parameters for the demand points involved in the Huff model, the prediction accuracy of the OLS and the GWR models was evaluated for each category; to do this, the sample was randomly divided into two subsamples of equal size. One of the subsamples was used to estimate the parameters and the other to validate the predictions. As Table 3 shows, the prediction accuracy of the GWR models was slightly better than that obtained by the OLS (lower values for the RMSPE and MAPE). The uncertainty of the prediction was also better for most of the GWR models, although the difference is very small (MZS close to zero and SDZS close to one). We must take into account that the random selection of the subsample did not make allowances for the spatial distribution of the sample and this issue may negatively affect the GWR results.
Estimation of the total capture for the new shopping centre
The parameters associated with the demand nodes in each category were predicted for each demand point by means of the proposed GWR models. The predicted parameters for each demand point i and category c were then substituted in (8) to estimate the probabilities p ijc .
Figures 2 and 3 present the distribution of the prediction parameters λ ic and α ic for each category that were then be used for estimating probabilities p ijc . Maps were prepared using ArcGIS software, allocating to each census unit the predicted value of the parameter for its gravity centre. Figure 2 shows the distribution of the predicted parameters λ ic associated with the transportation cost (the darker the area colour, the less reluctant to travel) for each census unit. In all cases, these parameters presented a negative sign. However, for both food and household categories (when the IAB was selected) the range of variation for the parameter is less than the other two categories (with CFB). The parameter distribution is different for each category, which may suggest the need to differentiate the categories in order to estimate the captures obtained by a shopping centre. Figure 3 shows the distribution of the predicted parameters α ic associated with the store size. In all cases, changes in sign appeared because significant and non-significant predictions are shown. As occurred with the transportation-cost parameters, it seems that there is no tendency for this to happen when the different categories are compared. Following this, the predicted parameters λ ic and α ic were used to calculate the estimated income in each category throughout the feasible region. This region was defined by eliminating the land uses from the study area which were thought to be incompatible with locating a new shopping centre e.g. water bodies, protected areas, airports, and so on, together with those areas with slopes greater than 12%. Afterwards, the said region was divided into plots with a maximum area of 70,000 m 2 and the centroid of each of these plots was considered as their geographic representative. Therefore, the local estimated income (LEI) for a new shopping centre located at a given plot (with centroid P) with a given set of sizes for the different categories can be obtained by using (12) and the probabilities defined in (8). Moreover, the global estimated income (GEI) for this plot can be calculated by taking the probabilities defined in (5). To apply these formulas, distances d iP were calculated as the transportation time of the fastest route joining point P and demand point i.
The estimated income was obtained for a new shopping centre with a sales surface area similar to that of an existing one, whereby 13,881 m 2 ; 4,206 m 2 ; 11,358 m 2 and 9,254 m 2 were allotted to each of the categories-food, household goods, clothing and leisure categories, respectively. The buying power of each demand node in the different categories was calculated according to its population and the average purchase per person in Gran Canaria. The average purchase amounts (in thousands of euros) were 1.514, 0.330, 0.443 and 0.520, respectively (Anuario Económico de la Caixa, 2013). Figure 4 shows the estimated capture and the best location for the new shopping centre considering 0.0, 0.000437, 0.005582 and 0.019364 as lost demand parameters for food, clothing, leisure and household goods, categories, respectively. These lost demand parameters correspond with the 50th percentile of the attraction perceived for each category by the demand nodes from the 18 R. SUÁREZ-VEGA ET AL. existing facilities. In this scenario, the location maximizing the total income is sited in the capital (Loc1 in Fig. 4 ). Supplementary Appendix 4 contains a deeper explanation of how these parameters were estimated and a sensibility analysis of the expected income with respect to the variation of the lost demand parameters considering five possible locations for the new shopping centre. Differences between incomes obtained by means local and global calibrations are also analysed in this Supplementary Appendix.
Concluding remarks and applications

Conclusions
This article deals with the location of a new shopping centre, whereas previous works related to this problem have considered the demand as a whole, independently of the services provided by the shopping centre, in this article, the demand allocated to the shopping centre was disaggregated in four categories (food, household goods, clothing and leisure). Purchasing in shopping centres has a multipurpose nature because customers may buy from a range of goods and services belonging to different categories in different stores found in the same shopping centre. The issue has been addressed by making an estimation of the purchases made by customers at each shopping centre in each different category, instead of only making an estimating of the probabilities of going shopping at a shopping centre.
In order to estimate the total income of the shopping centre, the probabilities of customers' purchases in the shopping centres were estimated separately for each category, and finally as an aggregate to give the total sum. These probabilities may depend on different characteristics of the shopping centre, such as its total sales surface or the sizes of the sales areas allocated to each category. For simplicity, in this study we have estimated these probabilities using the Huff customer-choice model, where the attraction perceived by customers towards the shopping centre depends on the store size in each corresponding category on the premises, as well as transport expenses.
As Suárez-Vega et al. (2015) proposed, parameters reflecting customers' perception of the store size and transportation costs in the Huff model may differ depending on their locations. In order to take this possibility into account, the Huff model was calibrated both globally (by means of OLS) and locally (using GWR) for each category. In the global model the estimations are some fixed parameters that do not reflect their possible spatial variations due to, for instance, geo-demographic differences. The GWR allows for local estimations of these parameters under the assumption that the closer the sample points, the greater the effect on the estimations.
The study was carried out after conducting a survey where customers were asked what proportion of their purchasing power they usually spent on each category in shopping centres. Since part of their purchases were made in stores outside shopping centres, it was necessary to define the non-shopping centre purchases. In order to do this, two types of customer behaviour were proposed. On the one hand, IAB in which people buy at all stores within a certain area of influence, and on the other, the CFB in which people do their shopping at the closest store. For the case analysed in this article, the IAB best fitted the global estimations in the food and household categories, while the CFB was selected for leisure and clothing.
From the sample used in this study, the non-stationarity of the parameters in the Huff model was proven. Different statistical tests proved that, in this application, GWR performs better than OLS in calibrating the Huff model. The GWR also improved the prediction capacity of the OLS. Therefore, the local calibration method proposed in the article allows the decision makers to locally evaluate how the distance and the size influence customers' preferences.
Due to the fact that some of the stores operating in a shopping centre do not provide essential services, a Huff model with a parameter that absorbs the lost demand has been implemented, as proposed by Drezner & Drezner (2012) . This lost-demand parameter was applied to all the categories, with the exception of the food category.
The estimated income for a new shopping centre was calculated for the sites which made up a feasible region considering different lost demand settings and using both the local (LM) and global models (GM). In this application, the best location for the GM was always the same (Loc1), independently of the set of lost demand parameters that were taken into account. Nevertheless, the best location for the LM was Loc1 (in 87.6% of the cases) and Loc2 (situated at a distance of 1620 m) for the rest of the cases. Consequently, the solution to the GM seems to be very robust with respect to the effect of elastic demand in non-essential services. The LM solution also seems to be quite robust, but may fluctuate, for instance, when customer demand is very sensitive to any attraction perceived.
The differences between the estimated income for both the LM and the GM were also evaluated. For this application, the differences were significant, for example, reaching 18.03% and 16.69% for Loc1 and Loc2, respectively. These differences suggest that a wrong choice of model may produce significant deviations in the estimation of the income for a new shopping centre, and therefore, may affect its future viability. 
Possible applications and new lines of research
The Huff model is very popular because it is easily interpreted and the information for its implementation is relatively simple. Moreover, Nakanishi and Cooper's transformations allow its calibration by means of OLS. However, local calibration with GWR does not make it any more complex when collecting data and information. Additionally, local calibration can be achieved using free software. Consequently, the proposed method implies, from our point of view, an improvement on the traditional global procedure frequently used to solve this competitive problem.
Moreover, considering the shopping centre as a set of shops offering services/goods for different categories, instead of as an aggregated unit, makes the problem more realistic. In fact, this option allows the decision maker to differentiate among different purchase habits (preferences and budgets) for each category.
On the other hand, further investigation is needed in order to study the GWR's prediction capacity, especially the way in which the sample is divided in order to obtain both the calibration and validation subsamples. As standard, these are randomly obtained, which undermines the GWR since its performance depends on the spatial distribution of the sample, and as such, random methods do not take this aspect into account.
Ultimately, the layer encompassing the estimated income for the new shopping centre can be embedded in a multi-criteria analysis. This may involve commercial objectives (such as a reduction in cannibalization), efficiency criteria (minimize travel time for clients to stores, improving accessibility) and/or equity aspects (i.e. minimizing the maximum distance to the closest facility). Additional studies could be carried out in order to improve the goodness of fit when the Huff model parameters are estimated. For instance, estimations of the loss demand parameter may contribute to better explaining the purchase probabilities for non-essential services. To do so, an interviewing process may be necessary in order to specifically ask about this matter.
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